Statistical modelling of sports data has become more and more popular in the recent years and different types of models have been proposed to achieve a variety of objectives: from identifying the key characteristics which lead a team to win or lose to predicting the outcome of a game or the team rankings in national leagues. Although not as popular as football or basketball, volleyball is a team sport with both national and international level competitions in almost every country. However, there is almost no study investigating the prediction of volleyball game outcomes and team rankings in national leagues. We propose a Bayesian hierarchical model for the prediction of the rankings of volleyball national teams, which also allows to estimate the results of each match in the league. We consider two alternative model specifications of different complexity which are validated using data from the women's volleyball Italian Serie A1 2017-2018 season.
Introduction
A considerable amount of research has focused around the analysis of sport data, mostly for the prediction of sport scores in each game and team rankings in national leagues. Examples of different types of applications of statistical models to sport data include football [2, 4, [10] [11] [12] 17] , but also basketball [13] and hockey [15] . However, there is a shortage of published works on the analysis of volleyball, and in particular women's volleyball data. Notable exceptions include: [9] , who explored the differences in playing characteristics between winning and losing teams in the international federation of mens beach volleyball world tour tournament; [6] and [19] , who examined the overall performance of volleyball teams based on many game factors using data from the men's Italian serie A and the women's National Collegiate Athletic Association (NCAA) Division I volleyball league, respectively; [1] and [18] , who used different approaches to either analyse the results from the games or to predict future team rankings in the Turkish mens and women's volleyball leagues.
A potential factor which limited the analysis of volleyball data in the literature is the fact that the playing rules and the scoring system vary across countries and have also changed over the years, e.g. from the "side-out" to the "rally" scoring system. According to the current regulations of the Federation International de Volleyball [5] , volleyball games have six players on each side. Six rotational spots on the court are changed every time a particular side serves the ball. The aim is to deliver the ball over the net and ground it, or the ball touches on the ground of the opposing side, while preventing the ball from touching the ground on their own side. The volleyball game begins with a "serve" of the ball. Then players take turns rotating around the court so each player has a chance to serve the ball. The members of the opposing team will attempt to "save" it from hitting the ground and knock it to one of their own players or hit it back over the net. Play will continue until one team fails by allowing the ball to touch the ground in its own court or they correctly return it to the opposing court. A point is awarded to the serving team if the opposing team makes a mistake. If the serving team fails, however, then the receiving team has control of the ball and becomes the serving team.
According to the current scoring system, matches are played until a team wins a set of three games, with each game typically going to 25 points. However, if the two teams won 2 games each, the third game then goes only up to 15 points. A team must win each game by two points. If the score is tied with even numbers, both teams have to continue playing the game until a 2-point lead is obtained. Otherwise, points keep accumulating until one team wins with a margin of victory of two points, even if the score is greater than 25 or 15 points. When playing in professional volleyball leagues, the teams get points according to set numbers at the end of all matches in the league. More specifically, the team points are awarded as follows: if the match is won 3-0 or 3-1, 3 points are assigned to the winner and 0 points to the loser; if the match is won 3-2, 2 points are assigned to the winner and 1 point to the loser.
In this paper, building on the previous literature on modelling sport data, we propose a novel Bayesian hierarchical modelling framework for the analysis of volleyball data which allows to jointly predict match results and team rankings in national leagues. We use data from the women's volleyball Italian Serie A1 2017-2018 season as a motivating example to implement and validate the proposed framework. The rest of the article is structured as follows: Section 2 introduces the notation and the data used for the analysis. Section 3 and Section 4 describe the modelling framework and two alternative model specifications implemented for the analysis of the volleyball data. Section 5 summarises the results in terms of parameter estimation as well as outcome prediction and assesses the relative performance of the models. Finally, Section 5 presents some issues and possible extensions that can be the material for future work, while Appendix A includes the JAGS code for our analysis.
Data from the Italian Serie A1 2017-2018
Data were obtained from the Italian women's volleyball federation web site (http: //www.legavolleyfemminile.it/) and include different types of in-game statistics related to each of the 132 matches of the regular season 2017-2018 for all 12 teams in the league. Generally, there are six categories of volleyball statistics which have been found to be associated with match results [9] , which can be broadly distinguished in: attack, setting, serving, passing, defense, and blocking. Data on variables related only to four of these categories are included in the analysis since for some of the categories data are not publicly available on the federation website. In particular, for each team and match of the women's Italian Serie A1 regular season 2017-2018, the following set of statistics are included in our analysis (in brackets the names assigned to each variable): . Table 1 shows the structure of the dataset, which includes different types of in-game statistics associated with each game (we use the term . . . to indicate that the data related to some of the matches and variables have been omitted from the table for clarity). For example, the first row contains information about the first match of the season between the home team Casalmaggiore and the away team Conegliano, which are assigned with the unique numeric scores 3 and 4, respectively. The match ended with a total point score of 60 to 75 in favour of the away team, who won a total of three sets without losing any set.
In our analysis we also consider the efficiency measures of the different statistics available for each team when playing at home and visiting: serve and attack efficiency (ser ef f t and att ef f t ) -typically related to the offensive strength of each team -and block and defence efficiency (blo ef f t and def ef f t ) -typically associated with the defensive strength of each team. These variables are included in the model to improve the estimation of the attack and defence performances of the teams and the prediction of the results for future matches. Before introducing the model, it is important to highlight some key characteristics of volleyball which needs to be taken into account when modelling the data. First, unlike other sports, the total number of points scored in a volleyball match by each team is not typically enough to determine which of the two teams effectively won the match. For example, consider the situation where a match ends with the home team winning a total of 3 sets with a relatively small point difference with respect to the opponent in each set, while the away team wins 2 sets with a substantially larger point gap in each set. Then, it is possible that the winning team is associated with a lower number of points across all sets compared with those scored by the losing team. Second, the total number of points assigned to the two opposing teams at the end of a match may vary depending on the number of sets played. If the total number of sets played is 3 or 4, the winning and losing team earns 3 and 0 points, respectively; if the total number of sets played is 5, the winning and losing team are given 2 and 1 points, respectively.
Finally, we note that, although the total number of points scored in a match could be potentially infinite, the total number of points scored in a single set may or may not have an upper bound. For example, when a team scores 25 points in the first set and the opponent has scored 23 or less, the match ends; however, if the opponent has scored 24, the match continues until the point difference between the two teams is equal to 2. Ideally, set specific statistics for each match would provide more detailed information about the performance of each team compared with using the aggregated points across all the sets played. However, this type of information is not typically available to the public and their analysis would also introduce additional modelling issues which are discussed in Section 6.
Modelling Framework
From a statistical perspective, one of the most interesting aspect in modelling team sport data is related to the distributional form associated with the number of scores in a single game by the two opponent teams. In the analysis of football data, the Poisson distribution has been widely used to model the game scores; for example, [11] proposed the use of a bivariate Poisson distribution which includes a parameter that explicitly accounts for the covariance between the goals scored by the two competing teams. More recently, [2] adopted a Bayesian hierarchical model which simultaneously accounts for the correlation between the two variables via the specification of two conditionally independent Poisson variables for the number of goals scored. Being defined within a Bayesian framework, this flexible modelling specification also allows to generate predictions of future games in a relatively easy way by means of the posterior predictive distribution.
We extend and adapt the modelling frameworks typically used for the analysis of football data and propose a novel Bayesian hierarchical modelling framework for the analysis and prediction of volleyball results in regular seasons. Three different submodels or "modules" form our framework: (1) The module of the observed number of points scored by the two opposing teams in a match (y h and y a ); (2) the module of the binary indicator for the number of sets played (d s ); (3) the module of the binary indicator for the winner of the match (d m ). These three modules are jointly modelled using a flexible Bayesian parametric approach, which allows to fully propagate the uncertainty for each unobserved quantity and to assess the predictive performance of the model in a relatively easy way. In the following, we describe the notation and the model used in each of the three modules.
Module 1: Modelling the Scoring Intensity
In the first module of the framework, we follow [2, 11] and model the number of points scored by the home and away team in the i-th match of the season y = (y hi , y ai ) using two independent Poisson distributions
conditionally on the set of parameters θ = (θ hi , θ ai ), representing the scoring intensity in the i-th match for the home and away team, respectively. The parameters in Equation 1 are then modelled using the log-linear regressions
which corresponds to a Poisson log-Normal model, whose parameters can be given specific interpretations [11] . Within the formulae of Equation 2, µ is a constant, while λ can be identified as the home effect and represents the advantage for the team hosting the game which is typically assumed to be constant for all the teams and throughout the season. The overall offensive and defensive performances of the k-th team is captured by the parameters att and def , whose nested indexes h(i), a(i) = 1, . . . , K identify the home and away team in the i-th game of the season, where K denotes the total number of the teams. We then expand the modelling framework to incorporate match-specific statistics related to the offensive and defensive performances of the home and away teams. More specifically, the effects associated with the attack intensity of the home teams and the defence effect of the away teams are:
We omit the index i from the terms to the left-hand side of the above formulae to ease notation, i.e. att h(i) = att h(i)i and def a(i) = def a(i)i . The overall offensive effect of the home teams in Equation 3 is a function of a baseline team-specific parameter α 0h(i) , and the attack and serve efficiencies of the home team, whose impact is captured by the parameters α 1h(i) and α 2h(i) . The overall defensive effect of the away team is a function of a baseline team-specific parameter β 0a(i) , and the defence and block efficiencies of the away team, whose impact is captured by the parameters β 1a(i) and β 2a(i) , respectively.
Similarly, the effects associated with the attack intensity of the away teams and the defence effect of the home teams are:
where the overall offensive effect in Equation 4 depends on the parameters α 0a(i) , α 1a(i) and α 2a(i) , while the overall defensive effect depends on the parameters β 0h(i) , β 1h(i) and α 2h(i) . To achieve identifiability of the model, a set of parametric constraints needs to be imposed. Following [2, 11] , we impose sum-to-zero constraints on the team-specific parameters K k=1 α jk = 0 and K k=1 β jk = 0,
for k = 1, . . . , K and j = (0, 1, 2). Under this set of constraints, the overall offensive and defensive effects of the teams are expressed as departures from a team of average offensive and defensive performance. An alternative set of constraints that could be imposed to achieve identifiability is known as corner constraints, where the overall offensive and defensive effects of a "reference" team are set to 0, and the effects of all other teams are expressed as departures from the effects of the reference team. However, we find the interpretation of the model parameters under Equation 5 to be more intuitive compared with the corner constraints, without the potential issue of the choice of the reference team. Within a Bayesian framework, prior distributions need to be specified for all random parameters in the model. Weakly informative Normal distributions centred at 0 with a relatively large variances are specified for the fixed effect parameters (note that we specify Normal distributions in terms of mean and precision, where preci-sion=1/variance) µ ∼ Normal(0, 0.000001) and λ ∼ Normal(0, 0.000001).
The team-specific random effect parameters are instead modelled as exchangeable from common distributions α jk ∼ Normal(µ αj , τ αj ) and β jk ∼ Normal(µ βj , τ βj ), for k = 1, . . . , K and j = (0, 1, 2). Finally, the mean and precision of the team-specific effect distributions are modelled using weakly informative Normal and Gamma priors, respectively:
for j = (0, 1, 2). These hyperparameters represent the latent structure of the model which affects the estimation of the scoring intensity parameters θ, and thus indirectly takes into account a form of correlation between the two outcome variables y hi and y ai .
Module 2: Modelling the Probability of Playing 5 Sets
In the second module, we explicitly model the chance of playing 5 sets in the i-th match of the season, i.e. the sum of the sets won by the home (s hi ) and away (s ai ) team is equal to 5. This is necessary when generating predictions in order to correctly assign the points to the winning/losing teams throughout the season and evaluate the rankings of the teams at the end of the season (Section 2).
We model the indicator variable d s i , taking value 1 if 5 sets were played in the i−th match and 0 otherwise, using a Bernoulli distribution
where π s i is the match probability of playing 5 sets, which is estimated on the logit scale as a function of a set of parameters γ. These include a baseline parameter γ 0 and the total number of points scored by the home and away teams, whose effect is captured by the parameters γ 1 and γ 2 , respectively.
Module 3: Modelling the Probability of Winning the Match
The last module deals with the chance of the home team to win the i-th match, i.e. the total number of sets won by the home team (s hi ) is larger than that of the away team (s ai ) -we note that we could have also equivalently decided to model the chance of the away team to win the i-th match. This part of the model is again necessary when predicting the results for future matches, since the team associated with the higher number of points scored in the i-th match may not correspond to the winning team (Section 2).
We model the indicator variable d m i , taking value 1 if the home team won the i−th match and 0 otherwise, using another Bernoulli distribution
where π m i is the match probability for the home team to win the match, which is estimated on the logit scale as a function of a set of parameters η. These include a baseline parameter η 0 , the total number of points scored by the home and away teams, and the binary indicator associated with playing 5 sets. The effects of the last three variables is captured by the parameters η 1 , η 2 and η 3 , respectively. Figure 1 shows a graphical representation of the structure of the model as well as the contribution of each of the three modules to the framework.
FIGURE 1 HERE
The framework corresponds to a joint distribution for all the observed quantities which are explicitly modelled. This is factored into the product of the marginal distribution of the total number of points scored by the two teams in each match, Module 1 -p(y), the conditional distribution of the probability of playing 5 sets in a match given y, Module 2 -p(d s i | y), and the conditional probability of winning the match given y and d s i , Module 3 -p(d m i | y, d s i ). Module 1 also includes the different in-game statistics as covariates in the model. These are related to the either the offensive (serve and attack efficiency) or defensive (defence and block efficiency) effects of the home and away teams in each match of the season, and are respectively denoted in the graph as x att ti = (ser ef f ti , att ef f ti ) and x def ti = (def ef f ti , blo ef f ti ) to ease notation, for t = (h, a).
Accounting for the multilevel correlation
Although the individual-level correlation between the observable variables y hi and y ai is taken into account through the hierarchical structure of the framework, a potential limitation of the model is that it ignores the possible multilevel correlation between the team-specific offensive α jk and defensive β jk coefficients, for j = (0, 1, 2) and k = 1, . . . , K. To show the implications of this assumption, it is convenient to represent the two categories of multilevel parameters, described in Section 3.1, using the matrix notation
where α and β are the two K × 3 matrices containing the offensive and defensive regression coefficients associated with each team in the league, respectively. The hyperparameters
are two vectors of length 3, representing the mean of the joint distributions of α and β, while
are two 3×3 matrices, whose elements form the covariance matrices of the distributions of α and β in Equation 8 . In Section 3.1, we implicitly assumed independence between the multilevel parameters and specify prior distributions only on τ αj = 1 σ 2 α j and τ βj = 1 σ 2 β j , i.e. we set ρ j = (ρ jα , ρ jβ ) = 0 for j = (0, 1, 2).
To account for the possible multilevel correlation, prior distributions on ρ j can be specified. One possibility is to directly specify separate priors on each component of the covariance matrices Σ, including the correlation parameters. However, when the number of multilevel parameters is more than 2, modelling ρ j is challenging, since they all need to be constrained between −1 and 1 while also ensuring the positive definiteness of the covariance matrices. An alternative approach is to specify Inverse-Wishart prior distributions on Σ (or equivalently Wishart priors on Σ −1 ). This is defined as Inv-Wishart(ν, Ω) and has the computational advantage of being the conjugate prior for the covariance matrix of a multivariate Normal distribution, but requires the specification of two hyperprior parameters. The scale matrix Ω, which must be positive definite with dimension equal to the covariance matrix, and the degrees of freedom ν, which is bounded from below by the dimension of Ω. A general problem when setting these parameters is that, depending on the prior choice, some undesirable constraints may be imposed on some of the parameters of Σ. For example, setting ν equal to the dimension of Ω + 1 corresponds to specifying uniform priors on the correlation parameters ρ j , but it may lead to too restrictive priors on the scale parameters of Σ.
Conversely, increasing the value of ν allows to estimate the scale parameters of Σ with more freedom, but at the cost of constraining the correlation parameters [8] .
In our analysis, we account for the multilevel correlation using Inverse-Wishart distributions on Σ α and Σ β , which are scaled in order to facilitate the specification of the priors. This prior is known as the scaled Inverse-Wishart distribution [8] and can be constructed in the following way. First, two vectors of scale parameters ξ α and ξ β of length 3 are introduced such that the covariance matrices can be decomposed as the products
where Diag(ξ α ) and Diag(ξ β ) are two 3 × 3 diagonal matrices with the entries of ξ α and ξ β being the diagonal elements. The Inverse-Wishart priors are then specified on the unscaled covariance matrices Λ α and Λ β , that is
We set Ω α and Ω β as identity matrices, and set ν α and ν β equal to 4. Weakly informative priors are then assigned to each scaling factor, i.e. ξ αj ∼ Normal(0, 100) and ξ βj ∼ Normal(0, 100), for j = (0, 1, 2). Under this approach, the j-th variance components σ 2 αj and σ 2 βj of the covariance matrices can then be retrieved as the product between the corresponding diagonal elements of Λ α and Λ β and the appropriate scaling factors from ξ α and ξ β :
for j = (0, 1, 2). Similarly, the jl-th covariance components are given by Σ αjl = ξ αj ξ αl Λ αjl and Σ βjl = ξ βj ξ βl Λ βjl , for j, l = (0, 1, 2) and j = l. Since this parametrisation is based on the decomposition of the covariance matrix Σ, the parameters ξ and Λ cannot be interpreted separately. However, Equation 9 provides a useful way to set up the model and minimise the amount of undesirable prior constraints when estimating the parameters of interest.
Implementation and Results
We fitted all models using JAGS [14] , a software specifically designed for the analysis of Bayesian models using Markov Chain Monte Carlo (MCMC) simulation [3] , which was interfaced with R through the package R2jags [16] . Samples from the posterior distribution of the parameters of interest generated by JAGS and saved to the R workspace were then used to produce summary statistics and plots. We ran two chains with 20,000 iterations per chain, using a burn-in of 10,000, for a total sample of 20,000 iterations for posterior inference. For each unknown quantity in the model, we assessed convergence and autocorrelation of the MCMC simulations using diagnostic measures such as the potential scale reduction factor and the effective sample size [7] . Alternative prior distributions were considered to check that no unintended information was included into the models through the priors. For example, weakly informative uniform priors for the standard deviations and different values for the variance of normally distributed regression parameters were considered. Results were robust to these specifications. We provide in Appendix A the JAGS code to implement the models.
Results
In this section, we present the results of the models from a twofold perspective. First, we look at the estimates of the team-specific marginal offensive and defensive effects. This is achieved by setting all the attack and defence related covariates in Equation 3 and Equation 4 to their centered version, i.e. subtracting the means from the original vectors. In this way, it is possible to interpret the intercept parameters α 0k and β 0k as the marginal offensive and defensive effects associated with each team in the league. Second, we assess and compare the ability of the models to predict future results. Specifically, we use the estimates of θ at each posterior iteration to generate a vector y pred of 1000 replications from the posterior predictive distribution of y. This, in turn, is used to validate the model and to predict the results of matches from a future (exchangeable) season. 
Posterior Estimates

FIGURE 2 HERE
The position of the points in the graphs is related to the average offensive and defensive performance of the teams, which are in turn based on the number of points scored and conceded by each team throughout the season. We note that, the teams who perform better are those associated with positive attack effects (more points scored) and negative defence effects (less points conceded). The results from both models are similar with limited differences. In general, we can identify four main clusters of teams. The first cluster is formed by a single team (Novara) who is associated with the largest attack effect among all the teams, but with a close-to-zero defence effect (the effect is estimated to be slightly negative and positive under the first and second model, respectively). The second cluster is formed by two teams (Conegliano and Scandicci ) who have small positive attack effects but relatively large negative defence effects; Scandicci is by far the team with the smallest defence effect (reflecting the fact that it has the minimum number of conceded points in the league).The third cluster is formed by six teams whose offensive and defensive effects place them in the top part of the graphs; among these, Casalmaggiore is the team with the largest attack and smallest defence effect, while Bergamo and San Casciano are associated with negative attack effects. Finally, the fourth cluster is formed by three teams (Filottrano, Legnano and Pesaro) who are located on the top-left part of the graphs, and are associated with the poorest offensive performances. Additional posterior summary measures, including the posterior 95% credible intervals, for the team-specific attack and defence effects, the home effect (λ) and the constant (µ) parameters are provided in Table B1 and Table B2 in Appendix B.
Predictions
We proceed to assess the predictive performance of the models using the observed and replicated data. The latter are generated from the posterior predictive distributions of the models using the posterior samples of the parameters indexing the three modules of the framework: the scoring intensity rates θ (Module 1), the probability of playing 5 sets π s (Module 2), and the probability of winning the match π m (Module 3). We use the posterior estimates from these parameters to jointly sample 1000 replications of the data (y rep , d s,rep , d m,rep ) , which are then used for model assessment. Table 2 compares the predictive performance of the models in terms of the total number of points scores and conceded, the number of matches won and the number of points in the league earned by each team at the end of the season. Overall, the predicted results from both Table 2 . Posterior predictive validation of the models. The observed data and the replications from the basic and the scaled IW model are compared in terms of: total number of points scores and conceded, total number of wins and total number of points earned by each team at the end of the season.
Observed
Basic the basic and the scaled IW model seem to replicate the observed data relatively well for most of the teams. The total number of points scored and conceded are similar between the observed and replicated data, with the teams scoring (conceding) the most being also associated with the highest replicated points scored (conceded) and vice versa. Relatively small discrepancies are observed between the results of the two models for some of the teams. The total number of wins and league points are almost identical between the observed and replicated data, with the scaled IW model being associated with slightly more accurate predictions compared with the basic model. Figure 3 compares the cumulative points derived from the observed results throughout the season (the black line) and the predictions from both the basic model (in red), and the scaled Inverse-Wishart model (in blue).
FIGURE 3 HERE
For almost all teams the predicted results are relatively close to the observed data and suggest a good performance of both models. In particular, the lines of the observed and replicated cumulative points intertwine in many cases, with only two teams for which the results are slightly overestimated (Filottrano and San Casciano). We note that, for some of the teams, the predictions from the scaled IW model are closer to the line of the observed points and outperform the predictions from the basic model (Bergamo, Busto Arsizio, Conegliano, Monza, San Casciano and Scandicci ). For all the other teams, the performance of the two models is either similar or varies throughout the season.
Finally, we compare the predictive ability of the two models in terms of the rankings of the teams in the league (calculated based on the total number of points earned by each team at the end of the season). Figure 4 shows the probability of ending the season in different positions for each team in the league, which is calculated based on the replications from either the basic (top graph) or scaled IW (bottom graph) model. Each position is associated with a different colour, from dark blue (1-st position) to yellow (12-th position).
FIGURE 4 HERE
The predictive probabilities from both models are very similar and are in line with the observed rankings of the teams in the league (see Table 2 ). There are some variations (from 1% to 7%) in the probability of being in a specific rank between the results from the two models for some of the teams, but in most of the cases these differences remain negligible.
Discussion
The model presented in this paper is an application of Bayesian hierarchical modelling to sport data. The basic structure presented in Section 3 and its extension in Section 4 can be easily implemented and run using standard MCMC algorithms, such as the one provided for JAGS in Appendix A. Previous approaches have focused either on the identification of the key factors determining the performance of a team [6, 19] or the prediction of team rankings [18] . To our knowledge, this is the first modelling framework which jointly allows to predict team rankings and the outcomes of the matches during a season in volleyball. The two alternative specifications implemented in our analysis show generally good predictive performances; between the two models, the scaled IW model seems to be slightly more accurate compared with the basic model, but is also associated with a higher level of complexity.
One potential limitation of the framework is that only match-specific statistics are used for estimation and prediction purposes. Ideally, the use of set-specific statistics could improve the predictive power of the model while also eliminating the need to include the models for the indicator variables of Equation 6 and Equation 7 . Indeed, since predictions would be related to the results from each set played, the information about the number of sets and the winner of the match would be directly incorporated. However, this would introduce additional problems related to the choice of the distributions for modelling the number of points scored by the opposing teams in a set, which is subject to specific constraints (e.g. difference of 2 points if one team scores more than 25). In addition, set-specific statistics are not typically available from national federation web sites and are difficult to collect for all the matches in a season.
Finally, the flexibility of the proposed framework allows the extension of the model in many ways. For example, additional types of in-game statistics (e.g. number of passes), if available, could be incorporated to further improve the predictions of the model; alternative distributions could also be specified to model the total number of scores y during the season (e.g. Negative Binomial). The scaled IW model could be extended by jointly modelling the team-specific attack and defence effects (α, β) with a single multivariate Normal distribution and scaled IW prior to account for the possible multilevel correlation between all random effect parameters. Although in our analysis the implementation of this more complex model did not lead to any substantial variation in the results, compared with the model of Section 4, this may not be the case in other applications. In addition, following the approaches in the recent literature on the analysis of football matches [17] , data from different leagues and seasons could also be analysed jointly to deliver a context-specific validation framework that accounts for the temporal dimension in the data and the clustering across the leagues. 
